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ABSTRACT 
In this paper, I use quantitative computer models to measure the effectiveness of Quantitative 
Equity Portfolio Management in predicting future stock returns using commonly accepted 
industry valuation factors. Industry knowledge and practices are first examined in order to 
determine strengths and weaknesses, as well as to build a foundation for the modeling. In order 
to assess the accuracy of the model and its inherent concepts, I employ up to ten years of 
historical data for a sample of stocks. The analysis examines the historical data to determine if 
there is any correlation between returns and the valuation factors. Results suggest that the price 
to cash flow and price to EBITDA exhibited significant predictors of future returns, while the 
price to earnings ratio is an insignificant predictor.  
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INTRODUCTION 
Quantitative Equity Portfolio Management (hereafter, QEPM) models have become increasingly 
popular in the asset management field over the past decade. Many large institutions such as 
hedge funds use these strategies involving quantitative equity portfolio management as parts of 
their product offerings to clients. Although there is no single industry standard, there are 
generally accepted practices used by many firms.  
In this paper, I review the QEPM methods used in the industry, and discuss their strengths and 
weaknesses. Second, I estimate a quantitative model that includes factors such as price/EBITDA, 
price/cash flow, and price to earnings to test some common industry portfolio management 
strategies. These factors are generally accepted across the industry to be significant factors in 
predicting future stock returns. The empirical results of this testing suggest that price/EBITDA 
and price/cash flow appear to be most effective at forecasting stock returns. 
The results of this paper, however, are by no means proposed to offer a dispute-settling answer to 
the industry debate over the “best” factors and models. There is simply not sufficient time and 
resources to fully answer this question. Rather, this project aims to increase the body of 
knowledge on this subject by conducting a literature review, and offering some new insights on 
quantitative equity portfolio management theory.  
The remainder of this paper is organized as follows. In the next section, I conduct a review of the 
relevant literature. This review of industry knowledge and practices assists in formulating a basis 
of comparison and testing. In the following section, I outline the modeling processes and 
framework. The details of the selected data and quantitative methods are discussed in this 
section, along with explanations as to why various processes were selected. The next section 
provides the empirical results of the testing and analysis. The final section offers conclusions and 
discusses some areas of proposed further research. 
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REVIEW OF LITERATURE 
Previous Literature and Theory 
There are numerous methods for valuing equity securities; including methods more heavily 
employed before the advent of quantitative equity portfolio construction and management. These 
theories include the arbitrage pricing theory (APT), capital asset pricing model (CAPM), and 
discounted cash flow (DCF). Although modern portfolio management still employs these 
models, they have been replaced with newer, more effective models such as quantitative equity 
portfolio management. 
According to the quantitative equity portfolio management theory, several factors including price 
to earnings, price/earnings before interest, taxes, depreciation, and amortization (EBITDA), and 
price/cash flow are important in the fundamental factor modeling process. Price/EBITDA is the 
ratio of the current price to a different iteration of the firm’s earnings. The price/cash flow ratio 
measures the security’s price in relation to its generated cash flow, which is a measure of 
operating efficiency. The price to earnings ratio, or P/E, is illustrated as the price of the 
underlying stock divided by the annual earnings of the target firm. This helps determine the fair 
value of the firm. According to QEPM, the price of a given security can be significantly 
attributed to a combination of these factors. The importance of these factors, however, may vary 
for different stocks making it important to determine their influence on an individual basis. Thus, 
in order to build a useful model for each stock these factors must be measured against time in 
predicting historical returns in order to make the model truly significant.  
In a seminal piece by Roll and Ross (1995), they argued that an asset’s returns can be predicted 
by using the relationship between that same asset and many common risk factors. This theory 
predicts a relationship between the returns of a portfolio and the returns of a single asset through 
a linear combination of many independent macro-economic variables. Thus, the arbitrage pricing 
theory makes the assumption that the future price of a given asset can be based on a few factors 
such as the risk free rate, risk premiums of the given firm, industry, or broad based market, and 
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macroeconomic factors (Roll 124). Although this model may seem to be fairly extensive, 
however, it is not a good solution for every type of security. For example, some macroeconomic 
or firm-specific factors might be more important than others. This model does not take optimal 
weights into account, and does not involve statistical regression analysis in such a manner that 
quantitative models do. The model is often used in conjunction with the capital asset pricing 
model, because it is by no means a complete, standalone pricing model since it does provide 
sufficient information to take into account the necessary factors and their weighted exposures to 
influencing the future pricing of the security at hand. 
Another methodology employed in the field of financial economics is the capital asset pricing 
model (CAPM). This model takes into account a security’s beta, or risk in relation to a particular 
benchmark, the risk free rate, and expected market return; or market risk premium (Black et al. 
84). This simplified model does not take into account many economic and financial factors that 
impact the pricing of a security no do investors have the ability to influence the price of the 
security. Many hedge funds and other financial institutions, however, deal in large blocks of 
securities, and it is not uncommon for them to move the markets and respective prices. The 
CAPM is often used in conjunction with other pricing models such as the arbitrage pricing 
theory. 
A more focused method is discounted cash flow valuation, or free cash flow analysis, which 
involves projecting a firm’s financial statements into the future based on historical information. 
This practice is very similar to some aspects used in quantitative equity portfolio construction 
theory. The main theory behind this valuation model is the time value of money. When 
employing DCF, however, there are also many dangerous assumptions that need to be made, 
such as future growth rates and other difficult to predict operational and financial values. 
Typically, once the financial statements are forecasted, they are used to compute projected free 
cash flow available to investors. These figures are then discounted to reflect the time value of 
money, and the cost of this capital. The price estimate yielded by this method is often highly 
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sensitive to nearly every model input. The DCF model also fails to take into account external 
factors such as industry trends, economic factors, and other important objects of influence. 
Although the CAPM, APT, and DCF each have unique benefits and strengths, they all suffer 
from some pitfalls. Thus, combining all of these models is not likely to yield an extremely 
accurate projection. Quantitative equity portfolio construction and management aims to resolve 
these issues by utilizing an almost immeasurable list of factors with respective weights. 
Control Factors 
In order to limit firm specific risk and to increase statistical significance, we augment these three 
factors with the Fama-French three factor model. This model first developed Eugene Fama and 
Kenneth French (Fama and French 427), has proven to be very effective at illustrating the 
behavior of the stock market. The Fama-French model take into account the risk free rate (in 
terms of the 1 month Treasury bill), SMB (small market capitalization minus big), and HML 
(high price to book minus low). These factors are derived from the beliefs that small cap stocks 
tend to outperform other stocks over the long run, and that low price to book ratio firms 
outperform high price to book ratio firms (Fama and French 433). Fama and French state that 
“relations between average returns and size…and book-to-market equity are strong” (Fama and 
French 428). In addition to the factors of HML and SMB, Fama and French argue that 
Price/Earnings is another important factor, which will also be used in this project. They argue 
that “the earnings-price ratio is catch-all for omitted risk factors in expected returns” (Fama and 
French 444). Essentially, any factors and influences not accounted for in the three factor model 
should be visible within the P/E factor. Within the portfolio management industry, this model 
has become very popular in recent years. Many actively managed mutual funds and index funds 
now utilize a variant of the three factor model in their management practices (Fama and French 
462). 
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Professional Practices 
The text Quantitative Equity Portfolio Management by Ludwig Chincarini and Daehwan Kim 
(2006) is recognized as an industry standard for building quantitative models. It is a 
comprehensive, step- by-step guide which combines nearly the entire field of industry 
knowledge and practices. This text begins by illustrating the basic principles of quantitative 
active portfolio management and then clearly outlines how to build an equity portfolio using 
those powerful concepts. It provides clear explanations of topics ranging from basic models, 
factors and factor choice, and stock screening and ranking to fundamental factor models, 
economic factor models, and forecasting factor premiums and exposures. The text also includes 
deep coverage of portfolio weighting, rebalancing and transaction costs, tax management, 
leverage, market neutral strategies, Bayesian performance measurement and attribution, and the 
back testing process. This will be the primary resource used to construct the model for this 
project. 
Although this text serves as a broad guide for the industry-accepted practices within the realm of 
quantitative equity portfolio management, this focused on factor choice, premiums, and the 
execution of the model, including performance measurement and attribution. The topics of 
leverage, tax management, and other secondary functions will not be utilized with detail in this 
endeavor. 
The practices brought forth in this book are based on what the authors call the seven tenets of 
quantitative equity portfolio management outlined below in Table 1. All of their beliefs are 
based on the assumption that financial markets are somewhat inefficient. (Chincarini and Kim 
21) They believe that there is always alpha, or excess returns, to be found in this field, and this is 
due to the fact that markets are not completely efficient. Essentially, there is a way to find excess 
returns in equities using statistical methods that are not yet accounted for widely in the pricing of 
a security. 
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Table 1: Tenets of QEPM (Chincarini and Kim 27) 
 
Tenet 1 Markets are mostly efficient. 
Tenet 2 Pure arbitrage opportunities do not exist. 
Tenet 3 Quantitative analysis creates statistical arbitrage 
opportunities. 
Tenet 4 Quantitative analysis combines all the available 
information in an efficient way. 
Tenet 5 Quantitative models should be based on sound 
economic theories. 
Tenet 6 Quantitative models should reflect persistent and 
stable patterns. 
Tenet 7 Deviations of a portfolio from the benchmark are 
justified only if the uncertainty is small enough. 
 
Although it is nearly impossible to incorporate every single piece of data available in financial 
markets into a stock prediction model, these authors argue there are ways to choose the most 
suitable factors.  
For example, Chincarini and Kim assert that: 
The central, unifying element of quantitative equity portfolio management is the 
quantitative model that relates stock movements to other market data. Quantitative equity 
portfolio managers create such models to predict stock returns and volatility, and these 
predictions, in turn, form the basis for selecting stocks for the portfolio. (Chincarini and 
Kim 65) 
Thus, the key to modeling quantitative portfolios is choosing the correct market data. Despite the 
fact that there are many software packages available to portfolio managers which deal with 
quantitative models, there is not a single model that is suitable for all types of equities. Each case 
varies greatly. For any given security, industry, or sector, factors which influence the prices will 
most likely differ, as will opinions and preferences of portfolio managers. 
Chincarini and Kim refer to two basic types of quantitative models. The first is an economic 
factor model, which is based on broad based economic influences such as real GDP, inflation, 
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commodity prices, and other macro factors. Models like this tend to be broader in their 
definition, and usually have a harder time zeroing in on stock price movements. (Chincarini and 
Kim 67) The second type of model is a fundamental factor model. This incorporates forces of 
influence which are specific to the firm or industry, and narrow the scope of the model 
significantly.  Although both models are given great attention both in the industry and in the text, 
this project will focus on fundamental factor modeling within quantitative equity portfolio 
management. 
Factor choice is extremely important to the effectiveness of the model. However, there are two 
main components to the quantitative model. Factor choice and factor premiums are both 
extremely influential in the overall effectiveness of the active model. The factor premium is the 
weight assigned to the given factor in modeling future predicted returns. Typically, this weight, 
or premium, is assigned based on historical regression analysis. This regression analysis can take 
a number of forms including the ordinary least squares approach and other types of multivariable 
regression models. The expected return of the equity security is then ultimately determined by 
the factor exposure multiplied by the factor premium. (Chincarini and Kim 68) 
The element of data gathering is one of large scale. There are many different ways to gather 
historical stock data, and it is all based on the personal choices of the portfolio manager. A 
manager may choose to gather data for a certain index such as the Standard & Poor’s 500, for a 
particular industry, or another grouping. The periodicity of the data is also a factor in 
determining the results of the model. (Chincarini and Kim 69). Depending on the frequency of 
the data (weekly, monthly, annually), the regression may reveal different factor premiums. 
Once historical data is gathered and regression is performed, the quantitative portfolio manager 
can choose from a myriad of techniques to balance and weight the respective portfolio. The 
manager would, at this point, have expected returns, and also equity risk data.  
As is widely understood, there are nearly countless methods of constructing a fundamental factor 
quantitative equity portfolio. The ultimate choice of construction methodology and theory comes 
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to the portfolio manager. It is up to this person to decide which historical data to use, which 
factors to incorporate, which firms to analyze, and many other aspects. Among some influences 
to be considered in the decision making process are the ability to combine different types of 
factors accurately, overall ease of implementation, data requirement, consistency with economic 
theory, and intuitive appeal. (Chincarini and Kim 83) It is crucial that the chosen factors are able 
to function well together in order to predict future stock returns in a statistically significant 
manner. The ease of implementation is also of concern, since the portfolio manager’s time is 
extremely valuable and scarce. The data requirements are also important because depending on 
the data chosen, the predicted returns will change. Also, the model must adhere to the sound 
economic theory which is believed by the portfolio manager. These assumptions are integral to 
the decision making process of crafting and executing the quantitative equity portfolio model. 
When choosing fundamental factors, it is important to choose suitable factors which statistically 
explain historical stock returns, and are believed to do so into the future. This would, in theory, 
create statistical arbitrage. (Chincarini and Kim 92) As previously mentioned this model will 
focus on a few main fundamental factors which are widely believed to be predictive of equity 
returns. Those factors are price/EBITDA, price to earnings (P/E), and price/cash flow.  
When building the fundamental factor model, a few things must first be understood. Essentially, 
the return of a stock is the payoff for taking a certain amount of risk. (Chincarini and Kim 185) 
In these models, the factor exposure measures the amount of risk a stock has in a certain factor. 
The premium of this factor quantifies the benefit of owning that stock given the associated risk. 
(Chincarini and Kim 185). Procedurally, once the historical returns and factor exposures are 
obtained, modeling can begin. Using a panel regression of the stock return on the factor 
exposure, the portfolio manager can derive the factor premium for the given factor. This can be 
determined using the OLS (ordinary least squares), MAD (minimum absolute deviation), or GLS 
(generalized least square) method of regression analysis. (Chincarini and Kim 188) The 
forecasted return for the equity security is then the product of the factor premium and its 
respective exposure. As the authors assert: 
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A model is not usually an exact description of reality, only a good approximation 
of it. …Errors arise in any regression, and estimation of the factor premium is no 
exception. Yet we should strive to build models that reflect persistent and stable 
patters, as described in tenet 6….” (Chincarini and Kim 199) 
When a portfolio manager decides to analyze stocks, they typically do not do so on a whim. 
Normally, they portfolio is held to a certain benchmark, such as the S&P 500, which they must 
maintain some consistency in relation to. Within a benchmark index are different types of 
underlying securities and firms. The industry standard for classifying different types of stocks is 
the Morningstar Style Box.  
Originally developed in 1992, this classification matrix was intended to help mutual fund 
investors understand what types of funds they may be investing in (Morningstar 2002). By 
classifying a fund (or security) as a growth, core, or value firm with a small, mid, or large size, 
they could pinpoint the style of a given fund. This has since evolved to encompass individual 
stocks. Each firm falls into one of the nine style boxes based on its market capitalization and 
valuation factors. 
The vertical axis measures size, or market capitalization. Large cap stocks collectively constitute 
the top 70% of the capitalization of each style zone. Mid-cap stocks are comprised of the middle 
20%, and small cap stocks make up the remaining amount. The horizontal aspect of the box 
represents the firm style.  The style of the firm is determined by the intersection of the growth 
score and the value score. The value score is a weighted average of 50% forward P/E, and 50% 
(weighted equally) price-to-book, price-to-sales, price-to-cash flow, and dividend yield. The 
growth score is a weighted average of 50% long-term projected earnings growth, and 50% 
(weighted equally) historical earnings growth, sales growth, cash flow growth, and book value 
growth. (Morningstar 2002) This multitude of factors is generally accepted to be an industry 
standard for classifying stocks within a given segment of the financial markets, based on the 
tendencies of the stock price and movements.  
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In two papers written by a cohort of State Street Global Advisors quantitative portfolio 
management experts, some interesting issues are brought up regarding the feasibility and 
methods of quantitative equity portfolio management. In one paper, the authors mention the 
notion of what they call “genetic programming” and its use in constructing quantitative models. 
Originally developed for the science community, genetic programming is used for the study of 
genetics. They have adapted this practice to the field of stock selection. The authors believe that 
the most challenging part of building a quantitative model with a high degree of accuracy lies 
within factor choice. They believe that genetic programming provides a means to determine 
which factors work well together in predicting stock returns. Although their literature does not 
detail the specifics of their model, it does include a basic understanding of the guiding principle 
behind their genetic programming. Different nodes, or “leafs” are used, and loaded into each are 
variables such as economic factors and events, financial ratios and figures, and technical factors 
(Becker, et al. 5). The nodes then come together, and using a natural selection approach, the 
model filters through to see which are most relevant in predicting stock prices. They mention 
that models such as this are relatively simple in theory, but involve vast amounts of input data to 
build the nodes. 
The approaches used in the genetic programming method generate a stock selection model from 
the S&P500 index based on a low active risk tolerance investment style. (Becker, et al. 5) 
Essentially, the model uses natural selection theory to select stocks that lie in the “fat tails” of the 
normal distribution of equity returns. (Becker, et al. 9) According to their studies, this method of 
genetic programming proves to be statistically significant for the low risk tolerance active 
investment style. This model proves itself to be very effective, but at a limited scope. The flaws 
of this model lie in suitability. However, with the proper adjustments, such as different risk 
tolerances and portfolio indices, it should be able to be tailored to different portfolios, securities, 
and active risk tolerances. 
In their second and more recent paper, Becker, Fox, and Fei illustrate a different model which is 
not based on solely genetic programming. Although they assert that the most difficult part of 
constructing a quantitative equity model is still factor selection, they use different methods to 
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build their models. (Becker, et al. 3) Instead of relying on just genetic programming for stock 
selection, they realize that there are other important factors. 
In addition to using just genetic programming for their stock selection models, the authors 
incorporated a multi-objective fitness function. (Becker, et al. 2) They incorporate multi-variable 
regression using the ordinary least squares (OLS) approach to predict returns in addition to 
genetic programming. Since the authors recognized that genetic programming methods alone 
were not well-balanced enough to provide highly accurate predictions, multi-variable regression 
was added in order to improve statistical significance. (Becker, et al. 15) By running various 
iterations of the model using many different factors coupled with the use of genetic 
programming, the researchers were able to generate more robust results and significance. 
(Becker, et al. 16)  
Overall, this coupling of two different methods of constructing a quantitative equity portfolio is 
extremely drawn out, and is still not narrowly defined. Instead, it focuses on a larger benchmark 
such as the S&P500. Also, this method is claimed by the authors to work best during periods 
when value stocks are in favor. (Becker, et al. 14) However, this does not always occur, nor are 
the cycles of value and growth favor predictable. In order to be more accurate, it is generally 
accepted that the model be highly adaptive and customizable, as suggested by Chincarini and 
Kim. Also, the use of a model which proves to be effective during times when both value and 
growth stocks are in favor would prove to be more valuable in the quantitative equity portfolio 
management area of focus. 
In summary, many unique and significant methods of quantitative equity portfolio management 
have been introduced by various researchers and experts; the most in depth of which being 
offered by Chincarini and Kim. The studies conducted by Becker, Fox, and Fei are certainly 
valuable to the field of active quantitative equity portfolio construction, but their drawbacks are 
simply too significant to overlook. Their effectiveness is tied to certain market cycles, whereas 
portfolio managers need models that work regardless of growth and value investing periods in 
which the two are mutually exclusive.  
Measuring Effectiveness of Quantitative Equity Portfolio Management Methods 
Senior Capstone Project for Andrew J. Mesale 
 
15 
The strengths of the various strategies discussed lie in the statistical significance. Each strategy 
has its own respective benefits in terms of the types of securities or portfolios it best predicts 
returns for. However, none of the mentioned strategies are significant in predicting returns for all 
types of equities, which is to some degree understandable. However, the ability to make a model 
more flexible and customizable, such as those put forth by Chincarini and Kim, is the most 
widely effective method to predict security returns on a quantitative active basis. Also, the Fama-
French three factor model has proven to be extremely effective and popular in the field of 
modern quantitative equity portfolio management. The fact that it takes into account unique 
factors which inherently limit various types of risk contributes to its success. 
In order to determine whether the widely used factors within the industry are effective at 
forecasting stock returns, this study examined the most commonly used and understood factors 
used by professionals to predict future equity returns, as mentioned previously. These methods 
were then used to reveal if these traditionally accepted methods are statistically significant. This 
will contribute to the current field of knowledge by offering more insight on industry standards 
and their effectiveness, along with possible ways to improve on them. The goal was to pinpoint 
how effective these measures are at adding alpha to the decision making process in active 
quantitative equity portfolio management practices. 
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MODELING 
As is previously mentioned, the framework of this quantitative model focused on the concepts of 
quantitative equity portfolio management, and did not incorporate other theories such as APT 
and CAPM. In order to construct a model, several choices had to first be made to narrow down 
the scope of analysis. The universe of securities had to be selected. After this was completed, 
data needed to be mined in order to generate the values for all of the fundamental factors 
involved. The Fama and French factors also had to be gathered for inclusion into the model. 
Once the necessary data was gathered, the model was assembled and executed. 
In the interest of limited time and resources, the universe of this model was the DOW 30. This is 
an index of 30 industrial stocks that play large parts in the US economy. It was also assumed that 
data gathering would be more bountiful with stocks such as these, since there would generally be 
more data available. However, some of the stocks had gaps in certain data, so the original list of 
30 was supplemented by a few other stocks, and some stocks were removed. The final analysis 
involved 26 securities, listed in the chart below. 
AA VZ BA CAT UTX WMT CVX 
KO C DIS DD EMC MSFT XOM 
HPQ HD INTC IBM FCX RIG JNJ 
MCD MMM COP PG T   
 
Once the stocks were selected, the data was gathered from the Compustat database for financial 
data. Data was compiled on a quarterly basis from March 31, 1996 to December 31, 2007. This 
gave 48 periods from a perspective of data analysis.  The historical returns were gathered from 
Thomson Reuters. These returns were based on prices adjusted for splits and dividends. The 
factors for inclusion in the analysis were price/earnings, price/cash flow, and price/EBITDA. The 
Fama and French three factors were also included in the model. 
Measuring Effectiveness of Quantitative Equity Portfolio Management Methods 
Senior Capstone Project for Andrew J. Mesale 
 
17 
In order to analyze statistical significance between the three fundamental factors and returns, the 
return data was lagged by 1 quarter. Essentially, this allowed the regression model to compare 
current fundamental factor values to future returns. Initially, 3 quarters of lagged returns were 
used in an effort to increase statistical significance. However, this proved to only cloud the 
model and did not offer any incremental increases in statistical significance. The second and 
third return lagged regressions were actually less significant, so they offered no value to the 
analysis. The choice to use 1-period lagged returns was then made in order to have a uniform 
approach to analysis and reporting.  The underlying equation used to perform the regressions was 
as follows: 
rt= α + βrt-1 + βPE+ Et   
rt= α + βrt-1 + βPE+ Et+ βFF+ βHML+ βSMB 
The first equation essentially states that the return for a stock includes alpha, or a measure of 
excess returns, the lagged returns coefficient, the fundamental factor coefficient (in this case, P/E 
ratio), and an error term. The second equation was the one used in regression because it included 
the Fama-French factors as control variables. The ending 3 terms signify the Fama-French beta, 
small minus big coefficient (SMB), and high minus low coefficient (HML). In order to test for 
statistical significance, ordinary least squares regression was performed within Microsoft Excel. 
The decision was made to use ordinary least squares regression over the panel data approach 
because time was important. In panel data, the times are not important, only the values of the 
data are. This model aimed to focus both on timing and the factors themselves, since this is 
inherently how the stock market works. To perform the regression, each of the 26 stocks was 
split into its own respective tab in order to make the analysis more manageable. Macros were 
used to automate the process of formatting and arranging the data. Once the data were in their 
respective sheets, 3 regressions were performed on each security. Across the 48 time periods, 
unique regressions were performed for each of the three fundamental factors. The regressions 
included the lagged return, the targeted fundamental factor, and the three Fama-French factors. 
Once this process was performed for each of the 26 involved securities, the results were reported 
in a summary tab. This summary took into account the coefficients for each factor, along with t-
statistic illustrations. This data can be found in the appendix.  
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Since in reality stocks exhibit unique responses to various factors, it did not make sense to focus 
on every single regression coefficient and t-statistic. Instead, averages were calculated for each 
of the three factors. Instead of simply looking at the values for only the factor, values for the 
Fama-French factors were also included to observe any influence they may have had over the 
outputs from the modeling process. 
RESULTS 
The ordinary least squares regression (OLS) results for the three fundamental factors (P/E, 
P/EBITDA, P/CF) can be found in the appendices. When looking at the average predictive 
power, it becomes clear that within each of the three tested fundamental factors examined, the 
Fama-French factors were not significant predictors. They did, however, serve their purpose of 
mitigating tracking errors and firm-specific anomalies, they were not themselves significant 
predictors of returns for the stocks. This is important to the integrity of the modeling framework. 
If the Fama-French factors were proven to be significant predictors in isolation, the modeling 
would essentially be useless. Instead, these factors are an additional control tool.  
When taking into account the significance of the targeted fundamental factors, some interesting 
results emerge. The coefficient, or weight of each factor, was observed along with the t-statistic. 
The t-statistic is simply the regression coefficient divided by the standard error. A high t-statistic 
indicates statistical significance. 
As shown in Table 1 of the appendix, the price to earnings emerges as a fundamental ratio that is 
not statistically significant in predicting future stock returns. The average coefficient on the P/E 
ratio is 0.000151 with an insignificant average t-statistic of -0.005. This is likely due to the fact 
that the forward price to earnings ratios may be more accurate since they include forward-
looking financial estimates. Quite simply, the price to earnings ratio of a stock only describes the 
way investors react to the firm’s activities, and may not be a good way of predicting returns. 
A second variable examined was the price to cash flow ratio.  Table 2 shows the average 
coefficient across all stocks of 1.008 along with a t-statistic of 0.8007. This is more promising 
that the P/E ratio – with several companies showing that it is a useful predictor. INTC, VZ, IBM, 
and T all exhibit more significance than average for this factor. For these companies with a 
statistically valid parameter estimate, (how many stocks) this fundamental factor may indeed be 
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a valid predictor of future stock returns. For the majority of stocks, however, the factor is 
insignificant. This mild form of significance may be due to the historical nature of the stock was 
well. If past performance is shown in this ratio, technically it should have no bearing on future 
performance. However, if the investor has a certain expectation of future cash flows, this ratio 
would be a good way to estimate a price. 
The third fundamental factor of price to EBITDA examined proved to be the most significant 
within this model. Illustrated in Table 3, the regression yielded an average coefficient of 2.2236 
along with a t-statistic of 1.149.  A few stocks had higher significance than average, including 
VZ, C, DIS, DD, INTC, T, and WMT. Although the magnitude of the coefficient is relatively 
high, the t-statistic for most companies is below the 95% percent level of confidence. Generally, 
a t-statistic above 2 indicates strong statistical significance since the coefficient is twice as large 
as the standard error. The high coefficient in the case of P/EBITDA means that out of these three 
factors, it had the largest impact of the factors examined when predicting returns if it was 
significant in that company’s regression. The average t-statistic across all firms indicates 
moderate significance in this case. This is a more accurate predictor of future stock performance 
than P/E because price to earnings takes into account much less information. Since the impact of 
interest, taxes, depreciation, and amortization can have a large impact on a firm, especially into 
the future, the P/EBITDA may be more valuable in valuation. 
Overall, these results illustrate that these fundamental factors, when coupled with Fama-French 
factors for control, are not by themselves significant as predictors of future returns. Due to 
limited time and resources, the modeling used in this paper was scaled back. Models used by 
professionals, however, typically include many more factors, longer time periods, and a larger 
universe of stocks. The goal of this model was not to find the next hot stock, but rather to assess 
the components and methods of quantitative equity portfolio management. 
Given these limitations, the results are fundamentally sound and represent a more formal 
examination of the QEPM models. Several theories were examined, and OLS regressions were 
conducted to examine the model’s accuracy. The data gathering process was time consuming and 
tedious but the data was analyzed closely to avoid errors and remove questionable data to 
minimize errors. Although the sample size and universe were small relative to a professional 
money manager, it involved thousands of data cells. The sheer scale of this model alone serves as 
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a microcosm for the way models used by investment professionals work. This is why the model 
discussed in this study is a fair and accurate representation of the concepts and framework 
currently in use. 
CONCLUSION 
The purpose of this paper was to compile and examine industry QEPM practices and compile 
some data to examine the strength of these theories.  This study and modeling confirmed that 
there are many different ways to value securities, and that there is no one “right way” to do so. In 
fact, if two people are assigned to build a model to predict returns for a given stock, it is highly 
unlikely that they will emerge with similar results. Quantitative equity portfolio management 
models are highly unique and customizable. Every manager has a unique style to value securities 
when building an underlying portfolio.  
This study accurately built a small scale active quantitative equity valuation model.  If this model 
were expanded to involve a much larger investment universe, it may produce more valuable 
results. Incorporating more factors may also improve statistical significance and predictive 
power since the returns would be checked against a multitude of different possible factors. This 
model also shows that limited information may not yield very strong results. For example, if a 
portfolio manager used this model to evaluate a few stocks, he or she may not end up finding any 
worthwhile investments. Although the model worked well, not enough inputs and variables may 
have been incorporated.  
In order to expand this model and research for future applications, factors could be added, 
different time periods and industries could be analyzed, and a larger universe of investments 
could be examined.  Moving from Microsoft Excel to commercially available statistical software 
would simplify the data management and make it much more scalable, workable and efficient.  
The purpose of this study was not to offer a dispute-settling answer to which factors and models 
work best in predicting stock returns, but rather to review their effectiveness and applications on 
a broad scale. To achieve these objectives, I choose three fundamental factors and tested them on 
26 stocks. Although the project was limited in scope, much of this study can be applied to the 
investment field. The paper provided me with a strong knowledge of quantitative equity portfolio 
management. The highly customizable models can prove to be successful in conjunction with 
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good management judgment. It is clear, however, that quantitative equity portfolio management 
is a powerful tool that can be expanded on a large scale to add value to the work of any active 
portfolio manager and I believe that they have a valid place in the work of active managers. 
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APPENDICES 
 
P/E: rt= α + βrt-1 + βPE+ Et + βFF+ βHML+ βSMB 
 
Table 1 
P/CF: rt= α + βrt-1 + βCF+ Et + βFF+ βHML+ βSMB 
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Table 2 
P/CF: rt= α + βrt-1 + βEBITDA+ Et + βFF+ βHML+ βSMB 
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Table 3 
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